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INTRODUCTION 
As and when aircraft aged, fatigue problems appeared and the necessity for detecting 
cracks in the lap joint parts became obvious. Numerous systems were then developed to 
follow up cracks appearance and growth in rivet holes. If most of the inspection used to be 
manual, it is now partially automated since AEROSPA TIALE developed the System of 
Inspection Assisted by Microprocessor (SIAM) in which an EC probe slides on the rivet 
lines [1]. At present, our research is focused on the diagnosis, last phase of the inspection. 
In order to process the inspection data, to speed up the control, and to improve the detection 
performances, a neural network has been developed. 
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Fig. 1. Aircraft maintenance inspection with the SIAM. 
Review of Progress in Quantitative Nondestructive Evaluation. Vol. 12 
Edited by D.O. Thompson and D.E. Chimenti, Plenum Press, New York, 1993 797 
1 , 
1. 'Iit . .., , .. """ 2. DOI.IaLU 0.1 __ 
2. _ONOlO AlllA 
, . IIALNIT 
I . IIIVIf HOI. I , , .. -
I . ITIlIIIO' 1I 
1 . ....... , D. CIlA(:K 
Fig. 2. Location of the cracks on the assemblies. 
The SIAM, based on the eddy current method, stores all the acquisition signals (as a 
function of position) and checks the probe calibration, increasing speed and reliability of 
inspections. Therefore, it allows the inspection of over 30,000 rivets within 24 hours, and 
guarantees that no rivet has been missed on the 500 meters of joints to be inspected. 
The length of defect detected with a 95% confidence level is less than 6 mm. The false 
alarm rate is lower than 1 %. 
THE NEURAL NETWORK APPROACH FOR AUTOMATING DIAGNOSIS 
Even if the inspection system SIAM contributes to enhance the lap joint test 
reliability, the human factors appearing in the diagnosis are not yet taken into account. In 
fact, diagnosis differences may appear depending on the operator's signal interpretation. 
Moreover, if we consider the duration of the inspection, the repetitive aspect of the 
operation, that constitutes a second important factor leading to reduce the test reliability. 
With the aim of minimizing these human factors, automated diagnosis systems have 
been studied, which could provide a help to the operator during the inspection. The neural 
network approach seemed to be the most suitable since the short response delay could be 
compatible with an utilization in real time. Moreover, the numerous data (eddy current 
signal/surface estimation) stored with the system SIAM, concerning representative 
samples with cracks, were an interesting example basis for the neural network learning. 
The neural networks are suitable for working out problems for which no model is 
available and/or the response delay has to be short. Their implementation requires three 
phases. In the first phase, called the learning phase, relevant factors concerning the problem 
to solve are presented to the network as inputs. The connections in the network are then 
modified until the response issued by the network (output) match well with the previous 
known connections. In the second phase, the validation phase, the validity of the network 
developed is checked on known cases . The third phase concerns the utilization to solve 
unknown problems. 
PREPROCESSING 
The preprocessing phase consists here in selecting relevant factors able to give a good 
representation of the signals. Relevant factors are in fact the significant data analysed by 
the operator to emit a diagnosis about the crack appearance. In that way, these data as a 
whole are fit for use by a neural network. 
During the lap-joint inspection, with the system SIAM, three EC signals are displayed 
on a screen. These three curves, visuable by the operator in real time, represent the 
impedance plane, the resistive and the inductive components. The course followed to 
extract descriptors is displayed in figure 3. For each rivet to check, the EC signals related to 
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Fig. 3. Diagram representing the extraction of the descriptors 
the inspection of a two-rivet length joint piece are processed (analyse window). 
Tchebycheff coefficients, representative of the curvilinear functions chosen to describe the 
Ee curves (because of their invariance in translation, rotation, and scale transformation), as 
well as amplitude terms are then extracted. These descriptors form the network inputs. 
NEURAL NETWORK 
The neural network performs data analysis after a learning phase. With the appropriate 
inputs, classification or diagnosis problems may be solved. 
The neural network type used to automate the diagnosis in lap-joint inspection is a 
multi-layer network with a threshold transformation function. The threshold transformation 
function used is: 
(1) 
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This network requires three hidden layers and 34 neurons (figure 5). The curve 
descriptors (Tchebycheff coefficients and amplitude terms) form the network inputs. In the 
output layer, the diagnosis layer, the two outputs, are relative to the crack presence at the 
left or at the right of the rivet. 
The learning phase has been performed on artificial and fatigue cracks induced in 
representative lap joint samples. The connection weights have been modified with an error 
backpropagation algorithm until the outputs (neural network diagnosis) match well with the 
expected outputs (diagnosis after expertise). 
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Fig. 5. Neural network architecture 
Le,(( cr~ck: RighI crack 
Rivet 
The neural network performances concern diagnosis and rapidity. This validation 
phase has been realized on both artificial and fatigue cracks in representative lap joint 
samples. 
Defects were created in representative lap joint samples. These defects were Electfo-
Discharge Machined (EDM) notches, saw cuts simulating cracks, and actual fatigue cracks. 
The whole 710 rivets laid out on the samples have been inspected with the SIAM. A 
diagnosis was emitted by an operator for each rivet about the presence of cracks. Then, the 
crack surface has been estimated by expertise. 
Two different learning phases led to the creation of two distinct neural networks. The 
first learning type corresponds to an example basis formed with artificial cracks data 
(Neural Network 1). The second learning type corresponds to an example basis formed with 
both artificial and fatigue cracks (Neural Network 2). 
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Diagnosis 
The diagnosis performances are evaluated by Probability Of Detection (POD) curves 
(figures 6, 7, 8). These curves concern the human diagnosis, the Neural Network 1 (NNl) 
diagnosis, and the Neural Network 2 (NN2) diagnosis. 
The surface of defect detected by the NNI with a 95% confidence level (S=8.2 mm2), 
is similar to the surface of defect detected by the operator (S=8.1 mm2). The cracks not 
detected by the neural network but identified by the operator were estimated at 1.6, 3.4, and 
5mm2. 
These results are improved in the NN2, including some examples with fatigue cracks 
in the learning phase. The surface of defect detected by the NN2 with a 95% confidence 
level is then S=5.7 mm2. The only crack not detected by the neural network but identified 
by the operator was estimated at 3.1 mm2. 
One can notice that the neural network performances depend on the learning phase. 
But in any case, the diagnosis performances of the network performed here are similar to 
the human performances. 
Fig. 6. Human diagnosis. 
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Fig. 7. Neural network I diagnosis. 
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Fig. 8. Neural network 2 diagnosis. 
Rapidity 
If the learning phase has been implemented on a SUN station, a version running on a 
PC has been developed, allowing a convenient utilization on site. The neural network emits 
then the diagnosis concerning the inspection of a 30 rivet line in 5 seconds. If we consider 
the 12,500 rivets to inspect on Airbus lap-joints, the diagnostic time would be 35 minutes. 
So, the rapidity of the diagnosis could provide a help to the operator in real time, during the 
inspection. 
CONCLUSION 
The neural network performed to automate diagnosis in aircraft inspection offers 
performances comparable with a human diagnosis on lap joint representative samples. 
The main advantages offered by such a diagnosis system are the rapidity and the 
response stability in the time, which, regarding the number of inspected sites on an 
AIRBUS A300 (30000 rivets within 24 hours) are of prime interest. 
The network architecture is now being adjusted to the AIRBUS A300 inspection. This 
last validation is in progress on a real aircraft. 
Such a diagnosis system, included to the aircraft inspection procedure, may then be 
seen as a help to the operator. It should contribute to reducing diagnosis differences 
between operators, and prevent diagnosis drift due to the operator's weariness, and therefore 
improve the inspection reliability. 
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